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ABSTRACT
Medical imaging is an essential component of clinical cancer treatment, with Computer
Tomography scans being the most popular type of imaging used for such diagnostic
purposes. Currently, the analysis of these scans is mainly done to interpret areas of
concern, as well as to determine the size of the lesion or tumor. Experimentation with
these scans and their corresponding computer programs has led to recent success in
quantitative imaging analysis. This type of analysis is redefining the role of medical
imaging as a new source of biomarker data. Radiomics is a method of high-throughput
extraction on hundreds of features encrypted in these scans and images based on the
delineation of boundary of a 3D volume of interest (VOI), called segmentation. These
features include the shape, and the first-, second-, and higher-order statistics of a 3D VOI.
The features provide a comprehensive and quantitative description of a tumor’s phenotype
and are more in-depth than qualitative descriptors from doctors. This is an active area of
research because of the advantages for biomarker development, which focus on risk
assessment, treatment response predictions, and the relationship between image features
and genomics. The inconsistency and variability of segmentation and extraction negatively
affects the robustness of the predictive model and its ability to generate with a different
dataset. Patient positioning and image acquisition also affect each feature to varying
degrees by introducing different perturbations such as image rotation. In this study, we
attempt to evaluate the uncertainties introduced by the image perturbation (e.g., rotation or
translation) as well as image resampling

METHODS

RESULTS (CONT’D.)

We collected the venous phases of I.V contrast CT of 184 normal individuals and 84
pancreatic cancer patients. The pancreas was delineated by an attending radiation
oncologist. 6 rotational variations of both images and delineations (masks) were
introduced: -9 degrees, -6 degrees, -3 degrees, +3 degrees, +6 degrees and +9
degrees. 9 translational variations of both images and delineations (masks) were
also introduced in the axial planes: (0.25, 0.25), (0.25, 0.5), (0.25, 0.75), (0.5, 0.25),
(0.5, 0.5), (0.5, 0.75), (0.75, 0.25), (0.75, 0.5), and (0.75, 0.75). Here, (x, y) means
the fraction of pixel size moved in x or y direction. The image perturbations were
created by simple ITK and were implemented in Python 3.6. Then, the radiomics
features were extracted for each variation by using PyRadiomics (Harvard University,
MA). Intraclass correlation coefficients (ICC) are then used to measure the stability of
the extracted features for all the rotational and translational variations.
Fig. 6 – IC Coefficients, Translation, No Resample

Fig. 7 – IC Coefficients, Translation, Resampled

A total of 924 radiomics features (in 10 different types) were extracted from each
patient’s images. A two-way mixed effects model of ICC was used for analysis. As shown
in figures 4-7, the original features are very stable with these rotational and translational
variations. Most of the log-sigma, wavelet-LLH, wavelet-LHL, wavelet-HLL, waveletHLH, and wavelet-LLL have an ICC coefficient greater than 0.9, indicating reasonably
well stability. We also observed suboptimal stability in wavelet-LHL and wavelet-HHH,
which either has lower ICC values or large variations. Among 924 extracted features, we
have identified 715 features that have an ICC greater than 0.9.
Fig. 2 – Rotational Variations

CONCLUSION

BACKGROUND

Our study has identified radiomic features that are robust against image perturbation
and resampling. 715 features are considered stable, although the other 209 features
(22%) are not stable. Our analysis is an important step in radiomics-based predictive
modeling because the unstable features against the image perturbation can be
excluded in the feature selection process.

Fig. 3 – Translational Variations
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Radiomics is a rapidly-developing field in medical field because it extracts features from
radiographic medical images using specified computer algorithms. This was first
developed in 2012. The output features, also known as radiomic features, can uncover
signs of disease that may be overlooked with the naked eye. The typical workflow of
radiomics is illustrated in Figure 1. Radiomics features typically include the shape, first-,
second- (or textual), and higher-order statistics of a 3-dimensional target volume, and
can provide a far more comprehensive, quantitative, and nuanced representation of the
radiographic phenotype of the VOI than the semantic or qualitative description from
human experts.

Fig. 4 – IC Coefficients, Rotation, No Resample

Fig. 5 – IC Coefficients, Rotation, Resampled
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